Abstract Quick clay landslides are a special feature of Norwegian and Swedish geologies. Vibrations or small initial landslides can cause a quick clay layer to collapse and liquefy, resulting in rapid landslides with little or no time for evacuation, making them a real threat to human life. Research concentrating on damages due to landslides is scarce, and analyses of loss of human lives caused by quick clay landslides in the scientific literature are, to our knowledge, nonexisting. Fatality quantification can complement landslide risk assessments and serves as guidance for policy choices when evaluating efficient risk-reducing measures. The objectives of this study were to assess and analyze available damage information in an existing data set of 66 historical landslide events that occurred in Norway and Sweden between 1848 and 2009, and access its applicability for quantifying loss of human life caused by quick clay landslides. Fatality curves were estimated as functions of the number of exposed persons per landslide. Monte Carlo simulations were used to account for the uncertainties in the number of people actually exposed. The results of the study imply that the quick clay fatality curves are nonlinear, indicating that the probability of losing lives increases exponentially when the number of exposed persons increases. Potential factors affecting human susceptibility to landslides (e.g., landslide-, area-, or individual-specific characteristics) could not be satisfyingly quantified based on available historical records. Future research should concentrate on quantifying susceptibility factors that can further explain human vulnerability to quick clay landslides.
Introduction
In a wide context, natural hazards impose a real threat to human life all over the world. From 1994 to 2013, the average death toll was greater than 99,700 per year (Cred 2015) . Statistics from The Center for Research on the Epidemiology of Disasters (CRED) show that 17% of all fatalities from natural hazards worldwide were caused by landslides (Lacasse et al. 2010) . In contrast to other natural hazards (e.g., floods or earthquakes), which affect large areas, landslides are generally limited in area but can occur with a high frequency in a specific region (JRC 2011) . Landslides can be caused by both natural and anthropogenic actions, and landslide disasters are increasing worldwide (Andersson-Sköld et al. 2014; Guzzetti 2016; Ho et al. 2013; Nadim et al. 2006; SOU 2007) . The reasons are suspected to be increased susceptibility of surface soil to instability because of deforestation and overexploration of natural resources, greater vulnerability of exposed population as a result of urbanization and uncontrolled land use, and climate change resulting in a greater potential for weather extremes (Lacasse et al. 2010; Nadim et al. 2006) . Pereira et al. (2014) have found that most landslides occur during the wettest months, reflecting the importance of rainfall-triggering mechanisms. Landslides can cause serious damage to buildings and infrastructure, to the environment, and to human life (Devoli et al. 2007; Jiménez-Perálvarez et al. 2009; Lacasse et al. 2010) . Further, landslides in populated areas can create health consequences that exceed the local capacity to respond, increasing both mortality and morbidity from disasters (Keim 2008) . These types of disaster risks therefore need to be taken into account in present and future societal planning at local, regional, and national levels.
Quantifying the consequences can assist the risk management process by guiding policy interventions to choose the most effective mitigation project. This evokes a large demand from policy makers on local, regional, and national levels for quantitative damage estimates as guidance and support so that efficient decisions can be made in the use of public and private resources for risk-reducing measures. Quantification of loss of life or injuries are however problematic because information often is incomplete.
The main scope of landslide hazard assessments is to provide quantitative expertise on future slope failures to planners, decision-makers, civil defense authorities, insurance companies, developers, and individual landowners (Guzzetti et al. 2005a) . Within the field of risk assessment, methods for estimating hazard probabilities are relatively wellestablished, but when determining risks related to natural hazards, many studies neglect investigating the damage potential or are limited to the assessment of immobile objects such as buildings (Jonkman et al. 2010) . Landslide risk (R) is usually described as a function of probability and the consequences of a landslide (e.g., Andersson-Sköld et al. 2014 )
where P is the probability of a hazard, and C is a vector C i of all potential consequences. Fatalities (C f ) can then be expressed as a function of human susceptibility (S f ) to landslides when exposed and the number of exposed humans (E).
The largest proportion of landslide risk analyses or landslide susceptibility analyses has had a technical approach focusing on the first part of the function, the hazard probability (P), by performing and developing methods for mapping landslide risk, stability analysis, and mechanisms triggering landslides (e.g., Guzzetti et al. 2005a Guzzetti et al. , 2006 Guzzetti et al. , 2012 Jiménez-Perálvarez et al. 2009; Melchiorre and Tryggvason 2015; Poli and Sterlacchini 2007; Roslee and Jamaluddin 2012; Salas-Romero et al. 2015; Van Den Eeckhaut et al. 2012) . Potential landslide consequences (C i ) have not attained the same scientific interest despite the obvious importance it has on the estimated risk product (R). Further, estimations have been found to be more sensitive to uncertainties in damage susceptibility (S) than uncertainty in hazard exposure (P) (Jongman et al. 2012) .
Few published studies address quantitative landslide analysis of consequences (C f ) to human life. Among the scientifically published literature, an extensive portion focuses on Italian landslide scenarios. Several studies base their research on variations of the same historical landslide catalogs (e.g., Guzzetti et al. 2003 Guzzetti et al. , 2006 Salvati et al. 2010) . Analyses of experienced risk factors affecting fatality rates can, however, serve as input to risk assessments and disaster response by increasing the understanding of vulnerable groups and ease assistance in the direct aftermath of a disaster (Agrawal et al. 2013) . Previous studies have shown that historical information from landslides can be valuable when quantifying landslide threat to human lives (Cascini et al. 2008) .
This study analyses consequences of quick clay slides by focusing on exposure (E), and human susceptibility (S f ) to loss of life.
The objective of this study is to assess available damage data from previous quick clay landslides in order to identify and quantify factors affecting human susceptibility to landslides. Fatality functions are derived and compared to fatality rates previously applied in risk assessment for policy purposes. We will use data from the Swedish Geotechnical Institute (SGI 2011 (SGI , 2012 . To our knowledge, the Göta River investigation is the only investigation thus far that included quantification of the loss of human life from landslides in the Nordic countries. However, the fatality rate is burdened with large uncertainties due to uncertainties in the number of exposed humans (E). It is therefore interesting to perform a more in-depth analysis of the estimations of loss of life using this data set.
Landslide characteristics and methods for quantification Experienced fatalities in European landslides
Fatality numbers and fatality rates vary between countries and regions. Landslides differ in their characteristics, such as temporal perspectives and warning opportunities. Since European landslides often are small, isolated events, this leads to an underestimation of European landslides reported to global databases (Van Den Eeckhaut et al. 2012) . For example, EM-DAT reports landslide events where more than 10 people were killed, 100 or more were affected, or international assistance or a state of emergency were called for (Van Den Eeckhaut et al. 2012) . Based on the Northern Portugal Landslide Database (NPLD), 136 people lost their lives in 436 landslides between 1900 and 2010 in Portugal (Pereira et al. 2014) . This yields an average fatality rate of 0.3. In Switzerland, Hilker et al. (2009) (Guzzetti et al. 2006) . A national Italian investigation on landslide risk in the twentieth century revealed that at least 7799 casualties were reported, 5831 lives were lost, 108 missing, and 1860 injured (Guzzetti et al. 2003) . Extending the time period to the years 1279-2002 and including landslides causing death, missing people, injuries, and homelessness, landslides caused a total of 10,111 fatalities yielding and average fatality rate of 10.1 (Guzzetti et al. 2005b) . This data set includes the disastrous landslide at the Vajont dam in 1963 that generated an enormous wave, killing almost 2000 people. Guzzetti (2000) found that the national landslide mortality rate in Italy decreased between 1950 and 1999. Compared to other areas, the fatality frequency was found to be lower in the Alp region, Canada, and Hong Kong, but higher in Japan and China (Guzzetti 2000) . Giannecchini and D'Amato Avanzi (2012) found that, in the Versilia River Basin, landslides and flood together caused between 1 and 13 fatalities per event.
Considering the Nordic countries, approximately 2000 people have been killed by all kinds of landslides in Norway (Jaedicke et al. 2009 ) during the last 150 years. No such compilation has been performed for Sweden, but since 1950, at least 10 people have lost their lives, and 160 were injured as a result of landslides (MSB 2016) .
Factors affecting susceptibility (S f )
Damage caused by landslides mostly affects private homes, road networks, and other infrastructure (Guzzetti et al. 2006) . This is where humans are most likely to get exposed to landslides. Fastmoving landslides, including rock falls, rockslides, rock avalanches, and debris flows, have historically caused the largest number of landslides deaths (Guzzetti 2000) . The threats that landslides induce on human life are often a main concern. Humans are an essential part of the damage potential because landslides are associated with high rates of traumatic injury and mortality caused by trauma and suffocation (Keiler et al. 2005; Keim 2008 ). Research quantifying risks to human lives when exposed to landslides do exist, but is not extensive. Agrawal et al. (2013) examined landslides in Uganda and focused on risk factors affecting the extent of impact to human life and health. Despite the differences between Uganda and the Nordic countries in terms of factors such as socioeconomic aspects, the risk factors identified in that study are of interest. The following risk factors were assessed: number of exposed individuals, sex, age, type of injury, severity of injury, type of medical assistance, and where the injury occurred (e.g., at home, inside, outside, or in a vehicle). The study also showed that in Uganda, most people are injured or killed outside and not at their place of residence. This diverges from the data describing Norwegian quick clay landslides, where loss of life occurred most frequently in the person's place of residence (Jaedicke et al. 2009 ). Zhang and Zhang (2014) examined factors involved with human flight behavior related to rapid landslides along roads in China. They showed that the susceptibility of humans when exposed inside buildings depends on the characteristics of the landslide and the technical resistance of the buildings, but also that individual behavior and personal attributes (i.e., age, sex, disability, running speed, response, education, and prior experience with landslides) are of large importance for successfully fleeing a landslide. People with reduced health statuses are also more vulnerable when exposed to disasters (Keim 2008) . Personal attributes being an important factor for human susceptibility are confirmed by Viscusi (2006) claiming that the magnitude of loss of human life is influenced by factors such as individuals' exposure to hazards and their levels of self-protective behavior. Lacasse et al. (2010) further points out that day of week, time of day, and functioning warning systems are risk factors that should be taken into account. Furthermore, healthy people are less likely to suffer Original Paper Landslides 14 & (2017) disaster-related mortality and are therefore more disaster resilient (Keim 2008) .
Susceptibility to flood exposure is also relevant to consider since landslides near rivers, lakes, and coasts can be flooded when large amounts of soil and clay slide into the water, creating large waves rapidly flooding the surrounding areas with risk to human life, livestock, and other asset values.
Methods for quantifying fatalities (C f ) General methods for estimating consequences such as loss of life have not been standardized to the same extent as estimations of hazard probabilities (Jonkman et al. 2010) . Jonkman et al. (2010) presented a general approach for estimating loss of life for Blow probability-large consequence^accidents and disasters. This general approach includes an assessment of physical effects associated with an event, determination of the number of exposed persons, and determination of the mortality among the exposed population.
Previous scientifically published quantification on fatalities are, as far as we know, calculated frequency rates for average number of fatalities per event, year, month, day, intensity, area of occurrence or expressed as the number of deaths per 100,000 inhabitants for a given population over a predefined time period (Cascini et al. 2008; Giannecchini and D'Amato Avanzi 2012; Guzzetti et al. 2005b; Hilker et al. 2009; Pereira et al. 2014; Salvati et al. 2010) . Methodologically, the studies differ concerning which observation inclusion criteria that are used when deriving a fatality (or mortality) rate. Guzzetti et al. (2005b) combined the number of missing people with the number of deaths when estimating fatalities. Salvati et al. (2010) also included injured humans as well as those killed and declared missing. Giannecchini and D'Amato Avanzi (2012) did not distinguish between flood and landslide fatalities. The studies also differ in the length of time periods used for estimating a landslide fatality rate. Guzzetti et al. (2005b) includes information from landslides going back to 1279, and Salvati et al. (2010) as far back as year 68. How well the oldest landslides reflect present human susceptibility to landslides is questionable. Salvati et al. (2010) also performed a more detailed risk evaluation for Italy for the time period 1950-2008. They compared magnitude of events between regions and time periods by modeling distributions of flood and landslide events with causalities taking into account the frequency and intensity of events. They performed the analysis using a Zipf distribution which is a discrete distribution often used for modeling rare events for a finite population size. The analysis performed by Salvati et al. (2010) requires an abundant amount of data. This is available in Italy since Italy has access to more data, due to that the country has suffered substantial losses to landslides, has a strong tradition of historical research, and that an extensive part of the landslide damage literature stems from Italian research groups.
To increase the knowledge of the risk of landslides in Sweden, the Swedish Geotechnical Institute (SGI), at the Swedish government's initiative, performed comprehensive risk analyses of landslide risks in the Göta River valley. The main focus was on hazard events (i.e., stability analysis), but a large proportion of the analyses was also dedicated to identifying, quantifying, and, as far as possible, monetizing potential future damage from landslides (Göransson et al. 2014; SGI 2012) . SGI developed a method for quantifying risk of losing lives and add this type of consequence to other types of consequences (i.e., building, infrastructure, and industrial damage, etc.). A prerequisite for applying the method is to quantify human susceptibility when exposed to landslides (C f ). C f was calculated as the relative frequency of fatalities and exposed population (evacuated population not included) using historical records (SGI 2011).
Characteristics of quick clay landslide
Quick clay landslides occur in Norwegian and Swedish geologies where large land areas with quick clay deposits are seen (Jaedicke et al. 2009; SGI 2012; Salas-Romero et al. 2015) . Quick clay can develop both in marine and fresh water sediments, but most Scandinavian quick clay developed in glaciomarine sediments deposited during deglaciation 14,000 to 10,000 years ago (SalasRomero et al. 2015) . Quick clay is a soil with high water content and weak binding between the particles (Andersson-Sköld et al. 2014) . Vibrations or small initial landslides can cause a quick clay layer to collapse and liquefy, resulting in rapid landslides (Andersson-Sköld et al. 2011 ). This can be caused by natural processes (e.g., precipitation and/or erosion) or by human processes (e.g., overloading and excavation) (SGI 2012). Quick clay landslides occur without warning signs leaving little or no time for warning and evacuation (Melchiorre and Tryggvason 2015; SGI 2012) . Signs of creep have, however, on some occasions been documented prior to landslides (Melchiorre and Tryggvason 2015) . Quick clay landslides occur in Norway and Sweden on a regular basis and become hazardous events when they occur in developed and populated areas. Large quick clay landslides in populated areas are not frequent in Scandinavia, but areas are continuously being mapped because of the concern about potentially large and unacceptable consequences. One example is the most landslide prone area in Sweden, the highly developed and populated Göta River valley, with a number of landslides every year (Andersson-Sköld et al. 2014 ). However, because of the low frequency of large quick clay landslides, area-specific data available for damage analyses and damage prognoses are scarce.
Data and methods

Sample data set
In this study, we analyze the data set compiled by the SGI for use in landslide risk assessment of the Göta River valley. The data set has in the present study been subject to content analysis in order to identify susceptibility factors (S f ) and other quantitative damage information identified as relevant by previous research (see BLandslide characteristics and methods for quantification^sec-tion) and to analyze the uncertainty of the derived susceptibility factor. The data set contains 66 landslides collected from two data sources. Among them, 55 quick clay landslides that occurred between 1848 and 2009 were extracted from the Norwegian landslide database, Skrednett. The data quality related to documentation of historical events is strongly influenced by the personal engagement of local observers and observational routines. (Jaedicke et al. 2009 ). Despite the uncertainties, the database is seen as a unique source for statistical analysis, including risk analysis (Jaedicke et al. 2009 ). The remaining 11 landslides were extracted from the Swedish natural hazards information system and occurred in Sweden during a shorter time period, 1950 period, to 2006 period, (MSB 2016 . The landslide frequencies differ between Norway and Sweden. While the frequency of landslides in Norway is approximately the same as for Austria and Italy, it has been lower in Sweden which has the same frequency as Switzerland (Andersson-Sköld et al. 2013) .
We have been looking at the characteristics describing exposure and vulnerability in the specific landslide events in the data set that could have been affecting human susceptibility in these events, and evaluating the potential for quantification of the characteristics.
Exposure and fatalities
Fatalities per landslide ranged from 0 to 116. Overall, 167 people lost their lives in the 66 landslides, yielding an average landslide fatality rate of 2.5 (Table 1) . Humans were exposed in only 52 to 62% of the landslides, and people died in 27% of them, meaning that many events resulted in zero people exposed and zero fatalities. Exposed persons ranged from 0 to 375 per landslide. Because of uncertainties in the data set concerning the actual number of people exposed per landslide, the number of exposed humans is represented by an interval for some landslides. The number of people exposed overall, summing up all the landslides in the sample is between 734 and 1594. Where human exposure was burdened with uncertainty and therefore given as an interval, the SGI gave a best guess and used this as a point estimator together with other certain observations to derive an average fatality rate (C f ). Combining the sum of these best guesses for number of people exposed (1035) with the total 167 fatalities produced an average fatality rate of 0.161 and was applied in the governmentally initiated risk assessment representing human susceptibility of people potentially exposed to future landslides in the Göta River Valley.
The data shows that humans were exposed in 34 events, and for 13 events, it described non-fatal injuries, from minor to severe and irreversible. For two events, humans did not suffer physical damage, but in one, a victim was not able to escape because of a physical disability. Summarizing the fatal landslides, they have the following distribution: In 7 landslides, one died; in 2 landslides, three died; in 4 landslides, four died (Fig. 1) ; there were one landslide each with six, seven, eight, and nine fatalities. Concerning number of fatalities, one landslide event stands out. This is the Verdal landslide in Norway in May 1893. It occurred at nighttime in Verdal in Northern Tröndelag killing 116 persons of the 250 persons exposed to the landslide.
The data set also documents eight landslide events near lakes and rivers causing flood exposure to nearby settlements resulting in a range of poorly documented tangible damages.
Warning signs and previous experience For 29 events, some kind of warning signal (e.g., gliding, creep, cracks, sinking of the ground, or small initial landslides) had indicated that a landslide was underway (Table 1) . Anecdotal descriptions could be found, such as the detection of a crack in a window observed prior to the landslide that demolished the house. The crack was in the aftermath of the slide interpreted as signs of soil instability affecting the structure of the house. For two events, residents in the area saw the landslide coming and were able to escape to safety. Further, 16 events occurred in areas previously exposed to landslides.
Time of occurrence
Other characteristics interesting to quantify is time of occurrence. For all events, the year of occurrence was recorded but the month was recorded for only 59 events, and in 3 others, only the season was recorded. For 31 events, the accurate time of day was recorded, but for 17, it was recorded only as day or night. For the remaining slides (42%), the time of day is unknown. Of those slides for which the time of day was recorded, 13 slides occurred during the night. These landslides exposed a total of eight humans and caused the loss of six lives (Table 1) .
Statistical methods
While the data presented in BSample data set^section can serve as a basis for identification of risk factors, it is of utmost importance that the amount of data is sufficient relative to the number of parameters in a model (Jonkman et al. 2010) . The amount of available data determines the detail level in the model used for estimation. Country, year, and number of people exposed were the only potential risk factors in the sample set adequately documented to serve as input data to the statistical analysis estimating the loss of life functions. Further, the 26 landslides where humans definitely were not exposed were dropped from further consideration in the statistical analysis. Two statistical approaches were applied to the remaining data set. (1) Regression analysis was used to explore the relationship between fatalities and number of exposed humans, country of occurrence and year of occurrence, under the hypothesis that number of persons exposed per landslide, country of occurrence and year of occurrence affect the number of fatalities per landslide. (2) Monte Carlo simulation was performed to take the uncertainty in the relative frequency of landslide fatality rates as a function of the number of exposed humans per landslide into account.
Regression analysis
Two different types of regression models are applied to the data set. One linear model using ordinary least squares (OLS) and one non-linear count data regression analysis applying two different distributions. The models have all been estimated using one dependent variable (the number of fatalities) and three independent variables (country [Norway or Sweden], year, and number of people exposed based on SGI's best guess values). Because the Verdal landslide is a statistical outlier, the models were estimated both with and without it. The estimated function for the linear model is given by the following:
Count data models were applied because of the properties of the fatality variable. The values for fatalities are discrete, have relatively low numbers, and include zeros. The tested count data models were the Poisson model and the negative binomial model. The Poisson model assumes that the expected value and variance are equal. A negative binomial model takes into account that the variance is greater than the expected value (overdispersion). Overdispersion is estimated by a parameter alpha (see, e.g., Greene 2008) . The count data models were compared using various test statistics using likelihood values, Original Paper the Vuong test, and comparing the actual to the predicted probabilities following the procedures suggested by Long and Freese (2014) . The count data model that best fit the data was the negative binomial regression model.
1
Monte Carlo simulation There are, however, two major drawbacks with using the ordinary least square model and the negative binomial model to the data set in this study. The first is that we have only 40 observations, which makes statistical inference difficult. The second is that there are uncertainties about number of people exposed, in some cases, a single number represents those exposed, but for others, a range is recorded. By making Monte Carlo simulations with the data, it is possible to account for the uncertainties in the exposure variable. The Monte Carlo simulation was performed by simulating 1000 trials from each landslide.
To do so, we made assumptions about the statistical distributions of the uncertainty in the exposure variable based on information documented in the landslide databases. Four different distributions were applied. (1) If a single number represented those exposed, we assumed the value was certain, and it was used (no distribution). (2) If a particular value could be assumed to be more probable, but an interval surrounding this value also was given, we applied a triangular distribution covering the interval given but using the most probable value as the mode. (3) If the most probable value was zero, but there was uncertainty, we applied a right triangle distribution (skewed distribution). (4) If only an interval was recorded, but no probable value, we applied a rectangular distribution. For 25 landslides, no distribution was applied. A triangular distribution was applied for 11 events, a rectangular distribution for three, and a skewed distribution was applied for one event where the probable value was assumed to be zero, but with uncertainty. This landslide event was not included in the basic model regression analysis but is included in the Monte Carlo simulation since there is an uncertainty interval for number of exposed human in this observation. The simulated data set thus included 40,000 simulated observations.
The distributions of the original SGI data are compared to the simulated data for one, three, and four fatalities in the histograms in Fig. 1 . The exposed numbers for more than four fatalities are all considered certain and therefore have no intervals. It can be noted that the distribution for one fatality is more spread out for the simulated data than for the original data of two, three, and, especially, 140 people exposed. The distribution for three fatalities is also more spread out for 155 people exposed. Table 2 shows the results from the regressions using original SGI data (not simulated), where four models are estimated: the OLS models (model 1) and the negative binomial model (model 2) with and without the Verdal landslide. Results show a statistically significant positive relationship between the number of people exposed and fatalities meaning that the number of fatalities increases when more people were exposed.
Results of statistical analysis
2 This relationship is less strong when the outlier (the Verdal landslide) is excluded. The variable for country is not statistically significant in three of the four models. This indicates that there are no significant differences in fatalities for Norwegian and Swedish landslides, and that we can merge the data from the two countries. The year estimate is negative, but not statistically significant, meaning that we cannot conclude that the number of fatalities during the analyzed time period has decreased. Table 3 shows the results of the regressions using data from the Monte Carlo simulations. Because 40,000 observations are included, all parameter estimates are statistically significant. Because neither a country effect nor a trend effect was found in the first estimations (Table 2) , they were not taken into account. The Verdal landslide very much affects the results. In the OLS model (model 3), the risk of fatality increases linearly by 0.18 for each additional person exposed if the Verdal landslide is included; it increases only 0.02 if it is excluded. The count data models (model 4) are non-linear as can be seen from the predicted values shown graphically in Figs. 2 and 3. In Table 3 and Fig.3 , the results of a model only using data for up to 20 people exposed are also shown to investigate the potential that the landslide fatality data consist of separate distributions depending on the number of persons exposed. The coefficient for number of people exposed for this model is higher than for the other models (except for 3a), indicating that the risk of fatality is higher in the sample set with 0 to 20 people exposed. Figure 2 shows observed data, the average statistic (i.e., 0.16), and the predicted values using all observations (including the Verdal landslide) for the OLS and the negative binomial models. It illustrates that the OLS model yields a result very similar to the average. The count data model on the other hand predicts a nonlinear relationship between numbers of people exposed and expected fatalities. When few people are exposed or when around 250 people are exposed, the linear and non-linear models predict the same number of fatalities. However, between these values, the linear models overestimate the number of fatalities. Note that the SGI data values shown in Fig. 2 are the numbers SGI assumed to be the most probable numbers of people exposed and not necessarily actual number of exposed humans. The simulated observations used in the estimation of the models are not shown. However, the curves are drawn from the predicted values using the models with simulated data. Figure 3 shows observed data, the average statistic, and the predicted values excluding the outlier, the Verdal landslide, for three models applied to the Monte Carlo simulated data. Figure 3 also shows the spread of the simulated observations. However, note that it only shows the spread, not the density of the spread (cf., Fig. 1) . The negative binomial model and the OLS model are similar, which means that the count data model predicts relationships that are nearly linear up to 200 exposed people. By removing the outlier, fewer fatalities are predicted. However, the graph of the negative binomial regression model only considering up to 20 people exposed shows that the risk of fatality is increasing more, compared to the models including all observations. This model 1 More complex zero-inflated count data models were also tested. The predicted values from them were quite similar to the negative binomial model, and they are therefore not presented.
2 The null hypotheses are that the coefficients are zero.
predicts even more fatalities than the average value used by SGI. Figure 3 therefore shows that it may be reasonable to use different fatality curves depending on the number of people exposed.
Discussion
In this study, quick clay fatality curves were derived as the relative frequency between exposure and lives lost. The results imply that loss of life increases exponentially with the size of the exposed population, but also that there might be different subsets of loss of life distributions with individual slope gradients depending on the size of the exposed population. This should be taken into account by policymakers when deciding on risk-reducing policy measures. Previously, in Sweden, a mean fatality index has been applied to risk assessments (SGI 2011). Our results imply that this approach overestimates the number of fatalities when the number of exposed individuals is between 20 and 250, underestimates it when the number of exposed individuals is high (over 250), but also underestimates it for under 20 people exposed. Probably diversified loss of life curves accounting for the size of the exposed population may be more appropriate to apply. In our data set, individuals were exposed at their place of residence, indoors or outdoors, while working, or as a visitor in the area, and we recognize that more factors beyond exposure are likely to affect human susceptibility to quick clay landslides. Several potential factors were identified using peer-reviewed literature on landslide hazards. A functioning warning system was one such factor (Lacasse et al. 2010) . Quick clay landslides, however, usually come without warning signs and therefore leave little time for emergency warning and evacuation. Despite this fact, signs had on some occasions prior to a landslide been noticed and also documented in the data set we analyzed. This was signs of gliding, creep, cracks, sinking of the ground, or small initial landslides. These signs cannot be equated to having a warning system, but could be interpreted as warning signs, if they were recognized as such. Prior experience to landslides is acknowledged as affecting human susceptibility (Zhang and Zhang 2014) , and it is likely to believe that prior experience or specific knowledge would be necessary to acknowledge the Bwarning signs^mentioned above as a forecast for oncoming landslides. In our data set, however, only 16 slides occurred in areas previously exposed limiting the number of observations were we can assume that inhabitants had previous experience. Scandinavians ability to detect landslide threats are also affected by quick clay landslides occurring on very gentle slopes which are therefore presumed by inhabitants to be stable (Melchiorre and Tryggvason 2015) . There is also reason to believe that time of day might have impacted humans preparedness and therefore affected their fatality risk. If slides occurred when inhabitants were asleep rather than in daylight, people were not to the same extent able to detect an oncoming landslide. The time of occurrence was, however, poorly documented in the data set and the uncertainty about time accuracy limited the feasibility of analyzing how this had affected human susceptibility in our cases.
Several more factors were identified as potentially affecting human susceptibility to landslides (BLandslide characteristics and methods for quantification^section) but that was too poorly documented to be quantified with the purpose of statistically measuring their effect. One reason is that damaging landslides in populated areas are low frequency events, and therefore, available data from landslides in specific areas applicable to damage analyses and damage prognoses are scarce. The quality and detail level for historical landslides also varies and can depend heavily upon the observer (Guzzetti et al. 1999; Guzzetti 2000; Guzzetti et al. 2006; Jaedicke et al. 2009; Salvati et al. 2010) . Extensive research has been performed using Italian landslide data. There are, however, some distinct differences between Italian data sets and the data set used in our study. The number of observations in the Italian data sets by far outnumbers our observations, but they do also cover a much longer time period which can raise questions concerning the applicability to present socioeconomic conditions. Further, different types of landslides are merged as opposed to the inclusion of only quick clay landslides in our study. Some Italian data sets also compile missing and injured people into a category of fatalities causing uncertainty as to the exact number of lives lost per landslide. One similarity between the data sets is that the actual number of landslides where people lost their lives is relatively few, but even in this measure, dissimilarities are distinct. We found that 27% of the 66 landslides from our data set resulted in deadly outcomes, whereas 6% was found in the Italian data by Giannecchini and D'Amato Avanzi (2012) . The difference might be attributed to differences in warning and evacuation potentials between the types of landslides included. The special characteristic of quick clay landslides, that are not represented in previously derived fatality estimations, implicate that their consequences might need to be estimated separate from landslides with other characteristics, e.g., slower oncoming landslides where the land movements can be Fig. 2 Observed and predicted values. The SGI data values are the most probable number of people exposed according to the Swedish Geological Institute (SGI). The average is the average loss of life rate based on SGI's observed values of exposed persons. The predicted values (models 3a and 4a) are calculated from the estimated models using the Monte Carlo simulated data, which considers the uncertainty in number of exposed persons The predicted values (model 3b, 4b, and 4c) are calculated from the estimated models using the Monte Carlo simulated data, which considers the uncertainty in number of exposed persons. The spread in uncertainty is also shown by the horizontal dots called Bsimulated observationsÔ riginal Paper monitored and where warnings and evacuations can be exercised. Further, even the more well-documented Italian databases are burdened with uncertainties, e.g., uncertainties are found in poor data quality regarding the date of occurrence, number of casualties (injured, deaths, and missing people), and difficulties in differentiating landslide events from flooding events (Guzzetti 2000; Salvati et al. 2010) .
Scandinavia has in modern times been relatively spared of exposure to natural hazards with large numbers of casualties. Historically, however, there have been events, e.g,. the Verdal landslide, that were devastating to communities and other events that could have been disastrous if they had occurred closer to human settlements, at another time of day, or at the present time with the present population. It is important to emphasize the effect the Verdal landslide had on the estimated functions in our study, and reflecting on whether this observation is an outlier or a low frequency observation that would recur repeatedly if the sample was to be expanded. Looking outside the sampling made by SGI, there have been incidents just as disastrous as the Verdal landslide both in Norway and Sweden. For example, in 1918 in Norrköping, Sweden, a clay landslide caused a railroad accident, killing 41. In 1726 in Verdal, Norway, a quick clay landslide killed 8. In 1648, in the Göta River valley, between 85 and 127 people were killed. These landslides are low frequency events, but they do occur and should therefore be represented when deriving loss of life estimates for application in ex-ante analysis so that the potential of experiencing more disastrous outcomes in future landslides is considered. With growing populations and urbanization, we are developing land areas more prone to quick clay landslides and thereby potentially exposing more people to landslide risks.
Conclusion
This study focused on susceptibility factors for exposed elements at risk, in this case human life. The amount of information available from historical information varied between the observations in the sample. For some quantitative information (e.g., time of day, warning signs, building characteristics, cause of death, physical ability, and age of the exposed population), the informational value of the data set was very limited. We found that potential risk factors such as country, year, and number of people exposed were the only risk factors in the sample set adequately documented to serve as input data to the statistical analysis estimating loss of life functions and the derived loss of life estimates were functions of the number of exposed persons. We do recognize that this risk factor only explain a limited part of human susceptibility when exposed to quick clay landslides slides, but it also contribute with important quantitative information to ex-ante analysis with the purpose of guiding policy decision on risk-reducing efforts. Records of historical events are one of the few sources at hand for evaluating the actual fatality risk, and despite uncertainties, they can contribute valuable information when assessing and communicating landslide risk. Concerning availability and quality of quantifiable damage and loss information in the Nordic historical records, with respect to statistical inference, the data sample set was limited. One known way of circumventing this barrier can be to transfer values derived in other studies, derived in other countries with quick clay deposits (e.g., Canada and Russia), or for other types of landslides. Based on our results, however, fatality rates obtained for other types of landslides can probably not be applied to quick clay landslide risk assessments. Future research should concentrate on quantifying risk factors that can further explain human vulnerability to quick clay landslides. The obtained results of this study also emphasize that future research regarding quick clay landslides is in need of, besides historical data, also other types of data. Such data can be obtained by performing detailed studies, e.g., surveys, investigation, in situ and laboratory tests, monitoring, analysis, and modeling, on representative cases of landslides in quick clay in order to generalize this type of studies.
